Topic models for text corpora comprise a popular family of methods that have inspired many extensions to encode properties such as sparsity, interactions with covariates, and the gradual evolution of topics. In this paper, we combine certain motivating ideas behind variations on topic models with modern techniques for variational inference to produce a flexible framework for topic modeling that allows for rapid exploration of different models. We first discuss how our framework relates to existing models, and then demonstrate that it achieves strong performance, with the introduction of sparsity controlling the trade off between perplexity and topic coherence. We have released our code and preprocessing scripts to support easy future comparisons and exploration.
Introduction
Topic models have been one of the most successful avenues of research into unsupervised learning, particularly within the domain of document modeling, with the best known example being latent Dirichlet allocation (Blei et al., 2003) . A variety of inference algorithms have been developed for LDA, based on both Markov chain Monte Carlo and variational inference techniques, as well as extensions for stochastic and streaming settings (Hoffman et al., 2010; Broderick et al., 2013) . Simultaneously, a large number of variations on LDA have been proposed which allow us to to take advantage of prior knowledge, such as sparsity in topic distributions, or the gradual variation in topics over time, or to incorporate other document covariates, such as author (Rosen-Zvi et al., 2004; Mcauliffe and Blei, 2008; Ahmed and Xing, 2010; Roberts et al., 2014) . However, these more complex models also typically require custom inference algorithms, which makes it difficult to rapidly explore variations.
Here, we present a flexible approach to topic modeling based on neural networks. Our framework allows for rapid exploration of models and additional ways to incorporate prior information, without requiring any model-specific derivations. Drawing inspiration from sparse additive generative (SAGE) models (Eisenstein et al., 2011) , we are able to provide inference for multi-faceted models and sparse topics, and obtain strong performance by making use of recent advances in variational inference.
The key idea introduced in SAGE was to replace topics with deviations from a background word distribution. This leads to three main advantages: 1. Sparsity: by placing a sparsity-inducing prior on the deviations from the background frequency, we obtain topics characterized using a small set of words, which is arguably helpful for interpretation and may protect against overfitting.
2. Multi-facted models: because the deviations are additive in log space, it is straightforward to incorporate many facets for different labels or covariates (e.g., time the document was written, political ideology of the author) and their interactions with topics.
3. Efficiency: the combined result of the above effects means that there is no need to learn a separate parameter in each topic for common words that have approximately the same frequency across documents.
Although SAGE offers great flexibility, it involves an intractable posterior for which there are no closed form variational updates. Instead, the authors proposed using a form of variational EM with Newton optimization for both parameters and latent variables, which required a separate derivation for each parameter type and care in implementation. Moreover, although it achieved high levels of sparsity in topics, its did not always outperform LDA in terms of perplexity.
Using our framework, we present a model that is able to incorporate all the desiderata of SAGE, while being amenable to modern variational inference techniques. These advances in inference are made possible by past work on sampling-based (Monte Carlo) algorithms for variational inference. A line of work beginning with the variational autoencoder (VAE) demonstrated how variational inference could be applied to otherwise intractable posterior distributions without incurring the high variance associated with previous approaches to black-box variational inference (Ranganath et al., 2014; Mnih and Gregor, 2014; Kingma and Welling, 2014; Rezende et al., 2014) .
The neural variational document model (NVDM) made use of this approach, improving upon previously stated perplexity results on a pair of benchmark datasets (Miao et al., 2016) . The model we present here includes NVDM as a special case, and we demonstrate that we can achieve better results through modification to the model. Moreover, because the same inference framework can be used without modification for a wide range of models, this allows us to painlessly explore variations involving multiple facets, interactions, and custom regularizers, without having to derive new update equations. In combination with tools for automatic differentiation, this approach to inference allows for a user-driven, iterative approach to modeling and model fitting (Blei, 2014; Kucukelbir et al., 2015) . We have also made available the code for our model, as well as preprocessing scripts, to help ensure replicability and fair future comparisons.
A Neural Framework for Topic Models
We present a general framework for topic modeling based on neural networks and sampling-based variational inference using the reparameterization trick (Kingma and Welling, 2014).
Generative story for our framework. Consider a corpus of D documents, where document i is a list of N i words, w i , with V words in the vocabulary. For each document, we may have some observed covariate information (e.g., its authors and year of publication), y i ∈ R P . The goal of topic modeling is typically to recover a matrix W ∈ R V ×T , where T is the number of topics and each row represents the importance of each word within that topic. In LDA, each column represents a multinomial distribution (i.e., the word distribution for a document entirely about that topic) and thus is constrained on the simplex.
Analogous to the generative story in LDA, our framework follows the generative story below (see also Figure 1a ). The key differences are twofold: 1) we replace the Dirichlet-multinomial process to get topic distributions for documents with a multivariate normal distribution and a generative neural network f g ; 2) we replace the multinomial distribution over words for each topic with a topic network, which in the simplest case is parameterized by a matrix W ∈ R V ×T .
For each document i of length N i :
where p(w ij | W , r i ) refers to the probability distribution over words in the vocabulary for document i. Each word j will be drawn from this distribution, parametrized by the topic-word network, i.e., Figure 1a presents the generative story of our model. Figure 1b illustrates the inference network using the reparametrization trick to perform variational inference on our model. Shaded nodes are observed; double circles indicate deterministic transformations of parent nodes.
In the simplest case, f g could be the identity function, as is used in NVDM (Miao et al., 2016) . However, we can also use more complex functions, such as a parameterized multi-layer perceptron.
A SAGE-style model. Using the above framework, we can easily instantiate a model with the important properties of SAGE. Because we exponentiate the output of the topic-word network, we can freely add terms inside the exponential to represent the log background frequency as well as additional facets, including interactions. Furthermore, just as SAGE obtained sparse topic deviations using a Laplace prior on the weights, we can encourage sparse deviations using l 1 regularization on the weights in the topic-word network. Specifically, we extend the topic-word network as follows:
where d is the V -dimensional background log-frequency distribution, r i is again a T -dimensional latent representation of document i, y i is a corresponding P -dimensional vector of observed covariates, r i ⊗ y i is a vector of interactions (of length T × P ), and W , W 1 and W 2 are weight matrices. Obviously we can choose to ignore various parts of this model, for example if we don't have any observed covariates, or we don't wish to use interactions. Similarly, additional facets can easily be added as additional terms inside the exponential, such as interactions between covariates.
Collectively, the generative network (f g ) and the topic-word network define a distribution over words conditional on z and y, which we summarize as:
where θ refers to W , W 1 , W 2 , and d, as well as all the parameters of f g .
Inference.
In order to infer an approximate posterior distribution over the latent representation of each document (r i ), we adopt the sampling-based variational inference framework developed in previous work (Kingma and Welling, 2014; Rezende et al., 2014) . The key idea is to compute a variational approximation to an intractable posterior using a highly-expressive but differentiable function, such as a multi-layer perceptron.
Similar to Miao et al. (2016) but incorporating covariates, we use the following inference network and transformations:
where f e (w i , y i ) is a multilayer perceptron acting on y i and the word counts in document i. These equations define a diagonal multivariate normal distribution,
) , which will serve as our variational approximation to the intractable posterior p(z i | w i , y i ), where φ refers to W µ , b µ , W σ , and b σ , as well as all the parameters of f e (see Figure 1b) .
As in typical variational inference, we want to minimize the KL divergence between the true posterior, p(z i | w i , y i ) and the variational approximation of it. After some manipulations, we obtain the lower bound (ELBO),
Using the reparamterization trick (Kingma and Welling, 2014), the combined inference-generatortopic network becomes fully differentiable, and we can update all parameters involved using stochastic gradient descent based on a single sample from the approximate posterior, as shown in Figure  1b . Specifically, a draw from q φ (z i | w i , y i ) is equivalent to a transformed sample from a standard multivariate normal, according to
Thus, we can replace
. This replacement in turn allows us to estimate the bound with a Monte Carlo approximation using S independent samples of ǫ:
which will be used to compute an upper bound on perplexity in the experiments.
As shown in Kingma and Welling (2014), because we have placed a standard multivariate normal prior on z, there is a closed form solution to the KL divergence term above. Furthermore, because we have defined the above networks in terms of differentiable functions, and we can easily compute the gradient of the conditional log likelihood term with respect to both θ and φ.
Note that unlike LDA and SAGE, we do not constrain document representations to lie on the simplex. Rather, like NVDM and exponential-family PCA (Collins et al., 2001) , our model assumes that document representations are unconstrained, although we could in principle use the generator network to apply such a transformation.
Adaptive sparsity. As in past work, we attempt to minimize an objective function equal to the negative of the bound (Equation 5). As described above, we can encourage sparse deviations from the background by adding an l 1 penalty on the weights in the topic network (i.e., W , W 1 , and W 2 ) to this objective function. We can determine the strength of this regularization by tuning a hyperparameter, λ. Alternatively, we can use an adaptive penalty to push the model towards a desired level of sparsity, specified by the user. For the latter approach, on each epoch, we update the strength or regularization according to:
where t is the target sparsity level, and c is the current sparsity level (that is, the proportion of weights that are less than some threshold, which we take to be 10 −3 ).
Experiments

Experiment Setup
To evaluate and demonstrate the potential of this model, we present a series of experiments below. We first test our model on benchmark data without observed covariates, in comparison to LDA, SAGE, and NVDM. We present two versions of our model -a simpler model than NVDM which uses only a single layer encoder (f e ) and no generator (e1 g0), and a more expressive model that uses a single-layer encoder (f e ) and a 4-layer generator (f g ), both with "shortcut" connections (e1s g4s; see Appendix for details).
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To compare with NVDM, we adopt the configuration of their inference network, with 500-dimensional layers and ReLu non-linearities for all of our models. We report results from own implementation of NVDM, however, and obtain better perplexity results than were originally reported, perhaps due to differences in preprocessing. We optimize these models using Adagrad (Duchi et al., 2010) , with grid search to choose the base learning rate. For SAGE, we use the original Matlab implementation, 2 while for LDA we use Mallet. 3 We also investigate the effects of stopword removal and different levels of sparsity.
Our evaluation is based on two datasets:
• the classic 20 newsgroups dataset, for which we use the standard train/test split;
• the full collection of NIPS papers from 1987 to 2016, for which we randomly sample 20% of the papers as a test set (Tan et al., 2017) .
As in past work, we report the value of variational bound on test data as an upper bound on perplexity for our model and NVDM, using 20 samples per document to evaluate the bound for test data (Miao et al., 2016; Srivastava and Sutton, 2017 ).
We then demonstrate the flexibility our model by applying multi-facted variations to the NIPS dataset, and to the CMU political blogs corpus -a collection of approximately 13,000 liberal and conservative blog posts from 2008 -2009 (Eisenstein and Xing, 2010 . For the blogs data, we consider the interactions of topics and ideology, as was done with SAGE. For the NIPS data, we implement a customized model with an additional regularizer to encourage topic deviations that change slowly over time, similar to the motivating assumption of the dynamic topic model . To make this modification, we use year of publication as an observed covariate (breaking the data into ten blocks of 3 years each), and then simply add an extra term to our objective that penalizes the l 1 norm of the differences between neighboring time periods of topic-year interactions weights (W 2 ). This model would have been difficult to implement in the original SAGE framework, as it would have required deriving and implementing modifications to the variational update equations, which may or may not have involved difficult-to-optimize parameters.
Perplexity Benchmarks
In this section we compare the performance of our model to that of SAGE, LDA, and NVDM. Results are given in Table 1 .
Using our more complex model (with rich encoder and generator networks, but without sparsity) we outperform NVDM and LDA in terms of perplexity in all cases, and our simple model also does nearly as well. This finding confirms that modeling deviations from a background distribution is useful in modeling texts, as Eisenstein and Xing (2010) argued.
The results for SAGE are mixed, as was found in the original paper. Without removing stopwords, it obtains the lowest perplexity on 20 newsgroups, but it does much worse than LDA (and our model) when Mallet stopwords have been removed. The performance of NVDM is similar to our model for 50 topics, but considerably worse for 200 topics.
Using the approach to adaptive sparsity described above, we also experiment with different levels of sparsity in our topic network, and find that as we increase the level of sparsity, perplexity tends to suffer. As we will see below, however, sparsity tends to improve the cohesiveness of topics overall.
Last but not least, we note that stopword removal has a major effect on performance, as has been noted elsewhere (Schofield et al., 2017) . Furthermore, the results we obtain from LDA on the 20 newsgroup data are much stronger than previously published results (Miao et 2016; Hinton and Salakhutdinov, 2009) although comparable to another more recent paper (Srivastava and Sutton, 2017) . Overall, the performance gap between NVDM and LDA is much smaller than previously reported, suggesting that previous work has underestimated the performance of LDA, though small differences may relate to different preprocessing decisions and use of different test sets. By making our code and preprocessing scripts public, we hope to facilitate easy comparisons in the future.
Topic Coherence and Interpretability
The above results demonstrate that our model is able to better approximate the true distribution of held out data better than LDA and NVDM. However, it has been shown that perplexity does not necessarily correlate well with topic coherence (Chang et al., 2009; Srivastava and Sutton, 2017) . To test this, we use an automated heuristic evaluation of coherence based on the normalized pointwise mutual information (NPMI) among the top 10 words in each topic, using the full data set (train and test) as a background corpus. This metric has been show to correlate well with human judgments (Newman et al., 2010; Lau et al., 2014) .
In Table 2 we report mean NMPI results for the various models on the 20 newsgroups data with 50 topics and Mallet stopwords removed, along with some example topics. 4 As can be seen, increasing sparsity in our model results in much better coherence, at least according to NPMI. This suggests that we can use the strength of regularization to trade off perplexity and coherence as desired. Although SAGE obtains the best overall coherence, our model with 80% sparsity produces more coherent topics than LDA and almost as coherent as SAGE.
Model
Coherence Example Topics LDA 0.210 turkish armenian armenians armenia people turks genocide soviet card video windows monitor mac apple memory driver drivers system god jesus christ church christian bible christians hell people paul SAGE 0.234 armenian armenians turkish armenia turks soviet passes mountain scsi ide geb@cs.pitt.edu drives hd floppy gordon surrender controller cd jesus christianity atheist god christ bible faith religions belief christians NVDM 0.076 ryan math weak assuming impossible base luck armenia greek track roads craig fun drivers ai dark love driver impact europe church believed community morality christianity des atheist genocide e1 g0 0.080 adam armenia wings players fans playoff countries jewish islam ken drivers license driver hewlett printer hp bay packard registration rich church phil catholic believed sunday rangers 49 coverage 2000 e1s g4s 0.085 bay wings muslims charles detroit armenians honda german tradition scsi errors oil worked robert sci tax floppy turkish armenian christianity standards favor effective lawrence treatment loss agencies e1s g4s, 10% sparse 0.107 border eric armenian armenia turks town armenians service party original rom noted scsi protected disks perfect cd included sin religious children religion met leaders americans deny american child e1s g4s, 50% sparse 0.189 armenia armenians armenian turks turkish soviet troops roads town rom transfer sin scsi cd cover disks pc drives hard eternal apr gmt jesus christ heaven moon biblical earth sun e1s g4s, 80% sparse 0.226 armenian armenians armenia turks turkish soviet genocide russian rom drives scsi controller ide cd transfer hard disk drive jesus christ god sin eternal bible lord heaven spirit holy Table 2 : Mean coherence using NPMI (higher is better) and example topics returned by various models on 20 newgroups with a 2000 word vocabulary, 50 topics, and Mallet stopwords removed.
Qualitative Results on SAGE-style models
Blogs data: The CMU political blogs corpus consists of posts representing two ideological perspectives (liberal and conservative). In our experiments, we find that running our model without observed covariates results in coherent topics which tend to be highly polarized: they are used primarily by one side or the other. Introducing deviations for ideology (W 1 ) captures some common trends across all topics: we find both sides are more likely to refer to figures from the opposing ideological perspectives, i.e., "bush", "cheney", and "rove", vs. "clintons", "hillary", and "ayers". Adding deviations for interactions between topics and perspective (W 2 ) results in topics that are more evenly used across perspectives, and provides an indications of how these topics vary in usage between the left and the right as illustrated in Table 3 .
NIPS data: Table 4 shows some examples from our model with a temporal regularizer applied to the NIPS data. The top line shows two topics, and each following line shows variations for the corresponding three-year period (W + W 2 ). We find we can detect the clear emergence of certain trends, like svm and cnn. We can also effectively control the smoothness of variation over time, although this sometimes results in somewhat mixed topics, as in the right column of Table 4 : "nonlinear" has switched from the analog setting to the optimization setting.
Additional Related Work
In addition to SAGE, other variations on topic models have been proposed for multi-facted models, including hierarchical models Nguyen et al., 2013 Nguyen et al., , 2015 . The correlated topic model Table 4 : Two examples of gradually changing variations on base topic over ten 3-year periods.
( ) also assumes a normal prior for document representations, but attempts to infer its parameters in order capture correlations between topics. There has also been much past work on structured regularizers for various types of NLP models, including temporal regularization Yogatama et al., 2015) .
More recently, Srivastava and Sutton (2017) also applied VAE-style inference to topic models, demonstrating they could approximate the original LDA model. They also introduced a new model, Product of Experts LDA. Although their perplexity numbers are inferior to vanilla LDA, they argue for their model primarily in terms of topic coherence. However, they do not investigate sparsity or the type of multi-facted modeling that we present here. Others have also applied VAE-style inference to a variety of other NLP tasks (Bowman et al., 2016; Marcheggiani and Titov, 2016) .
Finally, LDA can also be cast as a matrix factorization problem, for example using the Poissongamma framework (Cemgil, 2009; Paisley et al., 2014; . Unfortunately, the reparametrization trick cannot be applied directly to the gamma or Dirichlet distributions. A few recent papers have sought to get around this restriction, either through transformations (Kucukelbir et al., 2016) or a generalization of reparameterization (Ruiz et al., 2016) . Black-box and VAE-style inference have been implemented in at least two general purpose tools designed to allow rapid exploration and evaluation of models (Kucukelbir et al., 2015; Tran et al., 2016) .
Conclusion
We have presented a neural framework for generalized topic models to enable rapid exploration of models with covariates, interactions, and customized regularizers. We take advantage of samplingbased variational inference to develop a general algorithm for our framework such that variations do not require any model-specific algorithm derivations. Overall, our framework demonstrates strong performance in modeling texts. Our work can further support experimenting with diverse modeling options to incorporate multiple facets, and the use of sparsity allows us to trade off perplexity against topic coherence.
